Abstract-The study of soil structure, i.e., the pores, is of vital importance in different fields of science and technology. Total pore volume (porosity), pore surface, pore connectivity and pore size distribution are some (probably the most important) of the geometric measurements of pore space. The technology of X-ray computed tomography allows us to obtain 3D images of the inside of a soil sample enabling study of the pores without disturbing the samples. In this work we performed a set of geometrical measures, some of them from mathematical morphology, to assess and quantify any possible difference that tillage may have caused on the soil. We compared samples from tilled soil with samples from a soil with natural vegetation taken in a very close area. Our results show that the main differences between these two groups of samples are total surface area and pore connectivity per unit pore volume.
Introduction
A soil matrix is commonly viewed as a hierarchical system made of primary and secondary particles (e.g., aggregates) of different sizes that shape soil pore space. Its structure is believed to be among the main factors controlling soil processes and functioning (DEXTER 1988; REVIL and CATHLES 1999) . In particular, important physical and biological processes within the soilplant-microbial system, such as microbial population dynamics, nutrient cycling, diffusion, mass flow and nutrient uptake by roots, are affected by soil pore structure (YOUNG and CRAWFORD 2004) .
Land use and management have long been known to affect soil structure (GALE and CAMBARDELLA 2000; SIX et al. 2000; LAL 2002) . Recent studies showed that contrasting land use and management practices can also lead to marked differences in soil pore structure (PETH et al. 2008; KRAVCHENKO et al. 2011; Wang et al., 2012) . Such differences can potentially affect processes within the soil matrix. It is well known that differences in land use and management generate notable changes in soil physical and hydraulic properties, including changes in soil organic matter content, soil porosity, hydraulic conductivity and water retention (BRYE and PIRANI, 2005) .
Recent advances in X-ray CT of undisturbed soil columns provide 3D images of the soil interior (SAUCIER and MULLER 1999; GANTZER and ANDERSON 2002; POSADAS et al. 2003; DATHE et al. 2006; GIBSON et al.2006; NUNAN et al. 2006; CHUN et al. 2008; SAN JOSÉ et al. 2010 , 2013 . This is a significant step in characterizing heterogeneity of soil environments at micro-scales, as it allows obtaining exact information of the physical structure of the soil matrix.
Image analysis may be seen as a body of tools that facilitates extraction of quantitative information from images such as X-ray tomograms. Image analysis may be subdivided into five steps: display, filtering, segmentation, transformation and measurement of image features (GLASBEY and HORGAN, 1995) . The display renders an array of pixels values as a picture on a computer screen. Filters enhance images by applying transformations based on groups of pixels to reduce noise and emphasize edges. Segmentation divides an image into regions that correspond to different objects or parts of objects. Morphological transformations are used to study the shape of objects. And measurements extract quantitative information from the enhanced images. Mathematical morphology (SERRA 1982 ) is a theory that is based in the assumption that images consist of structures that may be handled by set theory. It provides useful morphological transformations and measurement procedures for quantifying the geometry of images (SAN JOSÉ et al. 2013 and references therein) .
The objectives of this study are to characterize the geometry of the soil pores by using several geometric 3D image measurements. The second objective is to evaluate whether different soil management (natural vegetation vs. tillage) as well as the depth at which sample was taken, exhibit significantly different geometric measurements. Finally, we study how these measures are related and how these measures relate to soil type and depth at which samples were taken.
Theory: Morphological Image Analysis
The theory of mathematical morphology provides a number of tools that allow us to characterize geometric objects, such as the background components of a binary image (the set of pixels with value 1), called objects. The fundamental concepts of mathematical morphology are morphological transformations; they change the size or the shape of the object under study. A quantitative description of the object is obtained from the measurement of a functional (e.g., volume) over the object properly transformed. Morphological transformations are formulated in the language of set theory in which, for a binary image, these sets correspond to the objects (set of pixels with value 1) in the image. To morphologically transform a set A another set B is needed, usually a sphere, which is called a structuring element. The basic morphological transformations are two: dilation and erosion. If we call B d as the structuring element with size d then the dilation of A is defined as:
The main effect of dilation of A is an ''expansion'' of the boundary of A. The erosion of A is defined as:
where R n is the n-dimensional Euclidean space where the objects are defined. The main effect of erosion on A is the ''contraction'' of the border of A. Another transformation is morphological opening which is a combination of the two basic operations. The opening of A by B d is defined as:
The effects of the opening of A is the smoothing of contours, the breaking of narrow necks and the removal of small objects (objects with size smaller than the size of the structuring element). If the set on which the opening operation is performed is formed by components of different sizes (like the pores on a porous medium image) then a sequential use of the morphological opening with increasing sizes of the spherical structuring element simulates a process of ''sieving,'' since for each structuring element size all the smaller components disappear after the operation (see Fig. 1 ). In order to extract and preserve the undisturbed samples methacrylate cylindrical containers were used and they were introduced directly into the soil by manual drilling. The dimensions of the containers are: 3 cm high, 2.6 cm inner diameter and 2 mm thickness. Soil samples were taken at three depths about 10 cm apart, the first group of samples being flush with the surface. In total 24 samples were extracted, 12 of each soil type with a total of 4 replicates in each of the three depths sampled in each area.
Image Acquisition and Processing
Soil samples were scanned using an X-ray CT scanner at the Gregorio Marañon Hospital's Laboratory of Medical Imaging and Experimental Medicine in Madrid (Spain). The tomograph used an energy of 50 keV for scanning the samples. The output data obtained after the reconstruction phase is a set of 3D unsigned 16-bit RAW images. The size of the images are 1,392 slices, each slice with 1,600 9 1,600 pixels. The spatial resolution of the images is 0.03 mm/ pixel side. The spacing between sections is 0.03 mm so the 3D image has the same resolution in all three Table 1 summarizes labeling of the images obtained according to the sampling area. This labeling is of the form Ln1_n2 where L is the treatment:
is the depth 1 (shallow), 2 (intermediate), 3 (the deepest) and n2 is the repetition.
Image processing was performed with the public domain program ImageJ version 1.47 v developed at the National Institute of Health (RASBAND 1997) . The image format was changed from RAW to TIFF.
The first image processing was thresholding (segmentation) in order to classify the entire set of pixels of the image into two regions, the region of interest (foreground) and the region of background. The foreground in this work corresponds to the porous phase of the sample and the background region corresponds to the solid phase.
A local (adaptive) thresholding algorithm was used to implement the process of thresholding. It has been shown that these types of algorithms are stable Table 1 Labeling of images obtained according to the sampling area
-10 cm T2_1, T2_2, T2_3, T2_4 N2_1, N2_2, N2_3, N2_4 -20 cm T3_1, T3_2, T3_3, T3_4 N3_1, N3_2, N3_3 and are precise (IASSONOV 2009 ). The local segmentation algorithm used is based on the mean operation. Thresholding works as follows: for each pixel of the image a threshold is calculated; if the pixel value is below the threshold then the pixel is classified as background, otherwise it is classified as an object (foreground). Calculation of the threshold for each pixel is made by examining pixel values of the surroundings of the pixel to be replaced. For this work the surroundings have been chosen for a given radius of 100 pixels which corresponds to an actual sample size of 3 mm. Figure 2b shows the result of applying this thresholding on the original image of Fig. 2a . Images were filtered in order to reduce Gaussian noise and artifacts. These imperfections arise during the tomographic scan due to defects in the X-ray beam and the detector used (observe the concentric ring-shape structures on the inside of the sample in Fig. 2a ). The filter chosen was the spatial filtering that uses the maximum function with a radius of action r equal to 2 pixels. The filtering operation operates on each image pixel as follows: each pixel x in the original image is replaced by the maximum of the values of the pixels covered by the ball of radius r when it is centered on the pixel x. Figure 2c shows the result of this filter where it can see that the noise and ring artifacts have disappeared.
An inner region with cubic shape of size 512 9 512 9 512 pixels was selected from each 3D picture for the study of the geometric characteristics. This region corresponds to a cube whose edge has an actual length of 15.36 mm. This size was chosen to avoid taking pixels of the sample container or of soil at the perimeter. Figure 2c shows a section of the region where it will resample the marked square. Figure 2d shows the results of resampling.
Computation of Geometrical Features
Total pore surface, specific pore surface, total pore connectivity, specific pore connectivity, proportion of macropores (POM) and pore size distribution was calculated for each image.
For the computation of porosity, pore surface (total and specific) and connectivity (total and specific) we used computer code developed in MICHIELSEN and DE RAEDT 2001 ; the authors describe a method for calculating the volume, surface and connectivity of an object in a 3D digital image. The authors compute the number of pixels (n c ), the number of vertices (n v ), the number of edges (n e ) and the number of faces (n f ) of the object in the image, so that:
In this way porosity is obtained by dividing the volume of the object (in our case the object is the set of pores) by the total volume of the image (the product of its dimensions 512 9 512 9 512). The total pore surface (mm 2 ) was obtained by multiplying the surface calculated in this method by the square of the resolution surface, and the specific pore surface (mm -1 ) by dividing total pore surface by the volume of the object expressed in mm 3 (i.e., multiplied by the cube of the resolution). Total connectivity corresponds to the connectivity obtained in the program and specific connectivity (mm -3 ) is obtained by dividing the total connectivity by the volume of the object expressed in mm 3 .
For the distribution of pore sizes in this work we followed the process of morphological granulometry (VOGEL 2002) , where the size of a spherical structuring element that has been used follows the sequence: 1, 3, 5, 7, … (pixels) that correspond to equivalent pore diameters given in lm of 30, 90, 150, 210, ….
POM is defined as the percentage of pores with a diameter [75 lm (BREWER 1964) ; in this paper POM corresponds to the sum of the relative frequencies of pore volumes with a diameter greater than or equal to 3 pixels.
Statistics
Statistical analyzes were performed on the variables porosity, POM, total pore surface (mm 2 ), specific pore surface (mm -1 ), total pore connectivity (dimensionless) and specific pore connectivity (mm Comparisons between pairs of pore size distributions was performed using the Kolmogorov-Smirnov test for paired data sets, using the program MATLAB R2010a (MathWorks, Inc.). This test assumes as a null hypothesis that the two distributions of data sets come from the same continuous distribution and measures the maximum distance between the cumulative distributions for each value of the distribution.
Results and Discussion

Visualization of Pore Space
Figures 3 and 4 show three-dimensional reconstructions of pore space in 22 soil samples. In general, it seems to us that N samples have more pores than T. In addition, in the natural soil (Fig. 3 ) the samples N1_1, N2_3, N2_4 and N3_3 show a high porosity; the N samples indicate a large number of tube-shaped pores crossing the sample mainly from top to bottom; the pores clearly appear to have a biological origin. Tilled soil samples T1_1, T2_2, and T3_1 (Fig. 3) have a high porosity; however, sample T2_3 appears to have very little as many tubular pores are observed, similar to the natural soil. The largest pores were observed in sample T3_4. The direction of the pores in tilled soil does not seem as clear as in the natural soils. In the second column of Table 2 corresponding to porosity it can be seen that greater porosity occurs in the sample T1_1 (11.071 %). However, on average, pores are greater for N samples (5.333 %) compared to T samples (3.071 %). As observed by visual analysis of the reconstructions (Sect. 4.1), high porosity natural treatment samples are N1_1, N2_3, N2_4 and N3_3 and N1_3; T1_1, T2_2 and T3_1 have the greatest porosity among the tillage treatment samples. Small differences in porosity show a decrease with depth; for T the porosity is higher in the surface samples (4.766 %) than in the other depths (2.424 and 2.444 %). In N samples the average porosity is 3/10 higher in the intermediate depth (5.910 %) than in the surface (5.686 %) and these two are greater than the mean of the deepest group (4.093 %).
Porosity, Surface, Connectivity and Proportion of Macropores
If we relate data porosity with POM it can be seen that the samples with greater porosity (e.g., T1_1) have a high POM (0.897). Moreover, this sample has the greatest POM; therefore, it seems that higher porosity is due to pores having a large size and not to a high amount of smaller pores (this can be checked with the value of total pore connectivity which increases with the number of pores and decreases with the number of tunnels). Smaller values of POM are at about 0.5 (samples T1_2, T2_3, T2_4 and T3_3). suggests that, although there are more pore surfaces in N, the specific surface area per pore volume is greater in T; that is, for the same volume of pores, pores in T samples provide the largest surface area. This can be interpreted as the pores in T samples are irregular or there are a great number of small pores (except for T1_1). The latter interpretation is in agreement with the POM data; connectivity data can be used to test it. In absolute terms, the two treatments on average have approximately the same total pore connectivity (dimensionless), around 19,000. To know which is more connected it is recalled that a sample will be more connected, have more tunnels, branches and closed loops when its connectivity value is lower. The T1_3 sample exhibits an extreme value of this total connectivity, resulting in a high positive value (39,536.00). This indicates a high number of connected components (isolated pores) and/or a small value of tunnel branches and loops. The N2_3 sample has the minimum value of total pore connectivity (dimensionless) (1,226.00) In the same way that high porosity is visualized in the sample we think that all this porosity forms a low value of connected components and most of the branches and loops are connected. For T1_1, which has a high POM and a high value of porosity, since its connectivity is low it may indicate that porosity is due to a few number of large pores (which can have many ramifications and tunnels) and is not due to a higher amount of smaller pores (which would increase the value of connectivity).
Regarding surface values, pores in T samples are either more irregular or are smaller and more numerous (this second option is more consistent with the POM data) and specific connectivity in T samples is greater than in N samples (i.e., for an equal volume of pores, pores in N either have fewer components or have more branches versus pores in T samples in which many disconnected (without branching structures form) pores appear (without branching structures). Table 3 shows the relationship between each pair of variables measured for the entire set of samples quantified by Pearson correlations. Figure 5 shows Table 3 Pearson correlations between each pair of variables to the entire set of samples Table 3 .
• Porosity and total pore surface: as expected, the higher porosity, the higher the pore surface.
• Porosity and specific pore surface: this relation is negative; the greater porosity, the lower the pore surface. This relationship is also expected because when the pores are larger the surface area per unit volume of pore is lower. Moreover when the number of pores is increased it begins to coalesce and share walls so that the surface pores decreases.
• Specific pore connectivity and specific pore surface: for a given pore, the more irregular the pore is, the more branches and loops it has and, hence, greater surface.
• Porosity and POM: a higher porosity in absolute terms correlates to a higher proportion of large pores.
• Total pore surface and POM: if there is greater surface area of pores there is a higher proportion of large pores.
• Total pore surface and specific pore surface: this relation is negative; a higher total pore surface area correlates with a smaller pore surface area per unit area. That is, if there are more pores they are more regular and/or larger and, hence, its specific surface area is smaller.
• Total pore connectivity and specific pore connectivity: the less connected a pore is the less connected the total is. • Specific pore surface and POM: this relation is negative; when there are pores with a high specific surface value then small pores are more abundant. That is, the greater specific surface areas are small. Figure 6 shows the cumulative relative frequency distribution of pore sizes in each group of samples. These distributions are expressed as a function of equivalent pore diameters obtained from the morphological opening radius used at each stage of morphological granulometry. It can be seen that the N treatment samples exhibit similar behavior: All start between 20 and 30 %, and all reach 75 % of the volume of pores with a diameter about 250 lm and 100 % at 1000 lm. In contrast, T samples have more diversity; T1_1 starts about 10 %, T1_2 at 50 % and the remaining T samples are between 20 and 40 %. The group within T that seems to show less variability is T3, where 75 % is reached in about 200-250 lm. The T1 group shows the singular behavior of the sample T1_1; this sample does not reach 100 % of the pores until it reaches a diameter of 1,470 lm. The sample T1_2 has a singularity; it appears to lack pores between 30 and 150 lm, there is an abrupt change making the curve not grow in the same smooth way as the rest. T2 samples are grouped into two behaviors, one starting at 20 % and another at 40 %. Table 4 shows statistical results of the Kolmogorov-Smirnov test that compares two sample distributions. Comparisons of all possible pairs of data are shown. Bold type and shading highlight pairs of samples with a statistically significant difference for a confidence level of 95 % or higher. It can be seen that sample T1_1 is statistically different from all others; the rest of the statistical differences are mostly between T and N samples. Not taking sample T1_1 into account, there are 37 of 110 pairs of samples statistically different between groups, and within the same group (either N or T) there are four pairs of samples statistically different from the 100 possible. Furthermore, differences between N and T samples seem to correlate with depth, and so there are 23 over 40 in N1, 16 over 40 in N2 and 5 over 30 in N3. Table 4 Statistical results of the Kolmogorov-Smirnov test in comparison of pairs of distributions with * if P \ 0.1, ** if P \ 0.05 and *** if P \ 0.01 Vol. 172, (2015) Volume, Surface, Connectivity and Size Distribution of Soil Pore Space in CT Images Table 5 shows the mean squares values for the multifactorial ANOVA analysis. The value of total pore surface has a P value \0.05 suggesting that factor treatment produces a statistically significant difference for this variable. Furthermore, the difference in specific pore connectivity between T and N samples is also statistically significant.
Pore Size Distribution
Effects of Soil Use and Depth
Summary and Conclusions
This work shows the utility of performing different geometric measures of soil pore space using 3D images in order to characterize the soil structure. We characterized in quantitative terms several geometric factors of great interest in the study of biological and physical processes, such as porosity, pore surface area, connectivity of the pores and pore size distribution. For this latter purpose, we needed to use tools of mathematical morphology, which reflect almost perfectly pore size criteria (VOGEL, 2002) . Measurements were made directly on the samples without altering them, this being an advantageous technique employed by further research. Our comparisons indicate total pore surface and specific pore connectivity show the greatest differences between the two soil types (natural vegetation and tillage). Iin addition, we quantified the relationships between different geometric measurements for all soil samples demonstrating that most of them are related via high correlation coefficients.
